181
on chromosome 4q23-q24 in EAs were conditioned on rs1229984, the most significant 182 functional SNP in the region in that population, the only independent signal (using a Bonferroni-183 corrected p-value < 0.05) was for rs1229978, near ADH1C (Supplementary Table 6 ). For AUD,
184
when associations for the 4 LD-pruned GWS SNPs in EAs were conditioned on rs1229984, the 185 only independent signal in that region was for rs1154433 near ADH1C. In the trans-population 186 meta-analysis, rs5860563 was independent when conditioned on rs1229984 in EAs and on 187 rs2066702 in AAs, the most significant functional SNP in the region in AAs (Supplementary 188 Table 7 ).
189
To elucidate further the genetic differences between AUDIT-C and AUD, we conducted a
190
GWAS of each phenotype with the other phenotype as a covariate. A GWAS of AUDIT-C with
191
AUD as a covariate identified 10 GWS loci in EAs and 2 GWS loci in AAs (Supplementary Table   192 8). In both EAs and AAs, all loci overlapped with the GWS findings for AUDIT-C alone. A 
212
Gene-based Analyses:
213 AUDIT-C: For AUDIT-C score, gene-based association analyses identified 31 genes in
214
EAs that were GWS (p < 2.69 × 10 
219
AUD: For AUD, we identified 23 GWS genes in EAs, 5 in AAs and 1 in LAs
220
(Supplementary Figure 14) , many of which were GWS loci in the SNP-based analyses for that 221 trait. For AUD, the loci in EAs that were not GWS in the SNP-based analyses were KRTCAP3,
222
TRMT10A, ZNF512, DCLK2, MTTP, and MCC. In AAs, EIF4E, ADH4, and METAP1 were GWS
223
for AUD, while ADGRB2 was the only GWS locus in LAs. 
242
unavailable in AA females due to the small sample size.
243
In the analysis of stratified heritability enrichment using LDSC 28 (see Methods), several 244 cell line functional enrichments were significant (false discovery rate (FDR) < 0.05) for AUDIT-C
245
(Supplementary Table 20 ) and AUD (Supplementary Table 21 ). Cell-type group partitioning 246 heritability enrichment analyses indicated that central nervous system (CNS) was the most 247 significant cell type for AUDIT-C ( Figure 2b , upper panel; Supplementary Table 22 ) and the only 248 significant cell type for AUD ( Figure 2b , bottom panel; Supplementary Table 23) . Enrichments
249
for AUDIT-C were also detected for cardiovascular, adrenal or pancreatic, skeletal muscle,
250
other, and liver cell types in descending order of significance. We also tested the heritability 251 enrichments using data from gene expression and chromatin to identity disease-related tissues or cell types 29 (Supplementary Tables 24-33) . We found a few epigenetic features in brain 253 tissues¾e.g., H3K4me1, H3K4me3, and DNase-that were significantly enriched for each trait. ) for AUD.
259
After Bonferroni correction, 179 traits or diseases were genetically correlated with ).
for AUDIT-C, and found that the genetic correlations between the alcohol-related traits and 
289
Polygenic Risk Scores: We examined PRS generated from the AUDIT-C and AUD
290
GWASs in three samples ( Supplementary Figures 23-26 ). First, in a "hold-out" MVP sample of 
416
The VHA EHR provided a rich source of phenotypic data. These included mean age-
417
adjusted AUDIT-C scores, which are more stable than measures at a single point in time (more 418 likely reflecting "traits" rather than "states") and contrast with meta-analytic studies that may use 
442
Despite these limitations, the large, diverse, and similarly-ascertained sample enabled The MVP is an observational cohort study and biobank supported by the U.S.
The AUDIT-C comprises the first three items of the AUDIT and measures typical quantity
465
(item 1) and frequency (item 2) of drinking and frequency of heavy or binge drinking (item 3).
466
The AUDIT-C is a mandatory annual assessment for all veterans seen in primary care. Our . In both populations, we found a stronger association between age-adjusted mean
480
AUDIT-C score and ADH1B minor allele frequency than between AUD diagnostic codes and the 481 frequency of the minor alleles 24 . However, because AUD diagnoses accounted for unique 482 variance in the frequency of the minor alleles in both populations, we concluded that the two 483 phenotypes, although correlated, are distinct traits. Thus, in the present study, we used GWAS to examine these traits separately and to adjust for the effects of AUD in the AUDIT-C GWAS and the effects of AUDIT-C in the GWAS of AUD. analyses. Imputed genotypes with posterior probability ≥ 0.9 were transferred to best guess.
523
We 
533
AUD GWAS. We used linear regression for the GWAS of age-adjusted mean AUDIT-C score meta-analyses. SNPs in EAs or those present in at least two populations were meta-analyzed.
540
Sex-stratified GWAS for both phenotypes were then performed in groups large enough to permit 541 it-EA, AA, LA, and EAA men and EA, AA, and LA women-and the data were meta-analyzed 542 within sex and phenotype. All meta-analyses were performed using a sample-size-weighted 543 scheme that was implemented in METAL
47
.
544
To identify independent signals in each population, we performed LD clumping using , with independent significant SNPs identified using the default settings.
559
Positional gene mapping identified genes up to 10 kb from each independent significant SNP. 
577
We estimated partitioned h 2 SNP using genomic features or functional categories 28 for both
578
AUDIT-C and AUD in the largest dataset, EAs, and then tested for enrichment of the partitioned 
595
Genetic Correlations (rg): We estimated genetic correlations between AUDIT-C and AUD
596
(from MVP), and with other traits in LD Hub 58 or from published studies using LDSC, which is 597 robust to sample overlap
30
. First, we estimated the rg between AUDIT-C and AUD using the 598 summary data generated in this study. AAs, EAs and LAs were analyzed separately using the 
